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Abstract 
Despite its paramount importance for manifold use-cases (e.g., health care industry, sports, 
rehabilitation and fitness assessment), a sufficiently valid and reliable gait parameter 
measurement is still limited to the domain of high-tech gait laboratories in big clinics. This is 
mainly because the majority of gold standard assessment tools are very costly and complex in 
their respective setup and daily operation routines. Here, we demonstrate the excellent validity 
and test-retest repeatability of a novel gait assessment system which is built upon modern 
convolutional neuronal networks to extract three-dimensional skeleton joints from monocular 
frontal-view videos of walking humans.  
The present validity study is achieved in comparison to a previously validated pressure-
sensitive walkway system (GAITRite®). All measured gait parameters (gait speed, cadence, 
step length and step time) showed excellent level of concurrent validity. This is proven by 
Inter-Class-Correlations, ICC (2, k), possessing values between 0.92 and 0.99 for multiple walk 
trials, at normal and fast gait speeds. Furthermore, the average measure of difference between 
the two systems, measured through Diff [95% CI], is below 5% of corresponding gait 
parameter mean value across all measured parameters (0.2% - 4.5%). The percentage error 
values of the assessed system in relation to GAITRite®, illustrated via the Bland-Altman plots 
with 95% lower and upper limits of agreement, are between 6% and 14% of corresponding gait 
parameter mean values, hence being significantly below the threshold of clinical acceptability 
(30%). The test-retest-repeatability, measured by ICC (3,1), yields values between 0.87 and 
0.95, being on the same level with the GAITRite® system.  
In conclusion, we are convinced that our results can pave the way for cost, space and operation 
effective gait analysis in the broad mainstream.  Most sensor-based systems are costly, have to 
be operated by extensively trained personnel (e.g., GAITRite®, Vicon®) or – if not much 
costly – still possess considerable complexity (e.g. wearable sensors).  In contrast, a sufficient 
video for the assessment method presented here can be acquired by anyone, without much 
training, via a smartphone camera. 
Introduction 
The quest for understanding human gait patterns and their impact on human health and well-being is a 
very old scientific endeavor, spanning over multiple disciplines, and closely associated with the 
development of the scientific method [1-4].  In this vein, the systematic study of human gait was 
continuously refined over the centuries, up to our modern times [1-3, 5-13].  
The advent of computers makes it now even possible to process large amounts of data much more 
efficiently, thus allowing gait assessment laboratory systems to be developed. But these systems are 
mostly consisting of 4 to 10 video cameras in a lab setting. Hence, they are very difficult to setup, 
calibrate and to operate [1, 14, 15]. Moreover, the inherent complexity present within the combination 
of multiple cameras and body joint markers yields the measurement accuracy and precision to be 
considerably dependent on the positioning and calibration of the system [14, 15]. 
A majorly utilized Gold Standard tool for clinical gait assessment is the GAITRite®  pressure-sensitive 
carpet system (GS) that was previously validated against the Vicon system [16, 17]. Though it showed 
high validity and repeatability, the system is still not accessible by the broad mainstream. A standard 
GS with 5.2m length comes at a price point of around 40.000 euro and needs trained personnel to be 
operated correctly.  
The era of high-performance computing machinery together with the availability of huge amounts of 
gait data (walk videos with corresponding ground-truth skeleton joint positions acquired via motion-
capture systems like the Vicon) also promoted the development and success of human pose estimation 
algorithms based on deep neural networks on single monocular videos [18-23]. To assess the parameters 
of gait, an algorithm pipeline just needs such a neural network-based module to extract the three-
dimensional coordinates of the skeleton joints for each frame of the video. Henceforth, another 
algorithm can be developed to calculate the walking parameters from the three-dimensional (3D) 
skeleton data. 
In this publication we study the validity and repeatability of the Lindera Mobility Analysis [24] pipeline 
in comparison to GS. This algorithm pipeline is running on single monocular videos (made by any 
Smartphone camera) of walking and extracts first the 3D skeleton data. Afterwards the pipeline applies 
an algorithm to calculate the gait parameters on the basis of the extracted skeleton data. In the following 
the Lindera algorithm will be called the Smartphone Camera Application, and abbreviated as SCA. 
The results presented and discussed here were achieved on the basis of 528 walking videos, acquired 
from 44 healthy adults with average age of 73.9 years (± 6.0 years, range: 65 to 91 years). The 
subjects were asked to perform three walks at a preferred walking speed and three subsequent walks 
at a fast speed each. All walks were performed on the GS. Simultaneously two videos per walk were 
captured for each walk sequence of each subject, one by a Smartphone held on Hand (SCA Hand) and 
one with a Smartphone fixed on a stand (SCA Stand).  
This yielded 12 walking videos for each subject, thus 528 overall. The data (GS gait parameters and 
corresponding videos) were already used for a study to compare the validity and reliability of a 
Microsoft Kinect based system and a previous version of the SCA algorithm to GS [25]. 
In the next section, we present and discuss the results of the validation study. Then, we conclude with 
a summary of main findings. Finally, all details about the assessment systems (GS and SCA) together 
with the methods of data generation are provided under the Methods section. 
 
Results  
Table 1 summarizes the statistical analysis outcomes. The mean and standard deviations for both SCA 
Hand and SCA Stand do not differ significantly from the reference system, GS. The largest difference 
in the mean value appears here to be around 2 cm for the step length left for SCA Stand and around 2 
cm for step length right in case of SCA Hand. Moreover, there is a largest difference of around 0.04 
m/s in gait speed in case of SCA Stand.  
The ICC (2, k) values range between 0.92 and 0.99 for all gait parameters. The average measures of 
difference with 95% confidence intervals (Diff [95% CI]) are also presented. In addition, Figure 1 shows 
the distribution plots of these mean differences with 95% CI for gait speed, cadence, step length and 
step time in case of SCA Hand and SCA Stand. Transformation of the lower and upper CI values to the 
average percentage of the corresponding gait parameter mean values yields: Gait Speed: 0.2 - 3.3%; 
Cadence: 0.3 - 1.3%; Step length: 0.5 - 4.5%; Step time: 1.0 - 3.9%. Hence, on average, no measured 
gait parameter with the SCA differs from corresponding GS measurements by more than 5% of the 
corresponding gait parameter mean value. We calculated these plots and the values presented in Table 
1 for Diff [95 % CI] by bootstrapping [26], since the underlying distribution of the differences are 
unknown and additionally skewed. These difference distributions for all gait parameters are displayed 
in Figure 2. 
Table 1: Statistical comparisons between GS and SCA (Hand and Stand) averaged over both preferred and fast 
gait speed trials. Mean and standard deviations (SD) are reported along with the Inter-Class-Correlation 
coefficients, ICC (2, k), for multiple gait parameters, Inter-Trial Repeatability measured by ICC (3, 1), and the 
measurement differences between the two systems (GS and SCA) in mean values with confidence intervals 
lower and upper bound (Diff [95% CI]). 
 GS SCA 
Hand 
   SCA 
Stand 
   
 Mean 
(SD) 
Mean 
(SD) 
ICC 
(2, k) 
ICC 
(3,1) 
Diff [95% CI] Mean 
(SD) 
ICC 
(2, k) 
ICC 
(3,1) 
Diff [95% CI] 
Gait speed 
[m/s] 
1.42 
(0.32) 
1.41 
(0.32) 
0.97  0.93 0.01 [-0.003; 0.02] 1.38 
(0.32) 
0.98 0.95 0.04 [0.026; 0.045] 
Cadence 
[steps/min] 
121.8 
(14.6) 
121.3 
(13.8) 
0.99 0.86 0.83 [0.34; 1.37] 121.4 
(13.9) 
0.99 0.87 1.08 [0.59; 1.57] 
Step length 
left [cm] 
69.58 
(10.34) 
71.07 
(11.67) 
0.92 0.92 -2.22 [-2.97; -1.48] 66.14 
(10.48) 
0.94 0.92 2.15 [1.56; 2.73] 
Step length 
right [cm] 
68.85 
(10.28) 
66.88 
(10.91) 
0.92 0.91 2.29 [1.55; 3.03] 69.05 
(11.46) 
0.94 0.93 0.26 [-0.36; 0.88] 
Step time 
left [s] 
0.50 
(0.06) 
0.52 
(0.06) 
0.96 0.91 -0.02 [-0.024; 0.005] 0.49 
(0.06) 
0.96 0.91 0.002 [-0.0015; 0.005] 
Step time 
right [s] 
0.50 
(0.06) 
0.49 
(0.06) 
0.96 0.90 0.016 [0.012; 0.019] 0.51 
(0.06) 
0.94 0.90 -0.01 [-0.013; -0.005] 
 
The repeatability for both SCA conditions (SCA Hand and Stand) are measured by the ICC (3, 1).  
Values range here between 0.86 and 0.95. Previous studies on the validity of the GS found it also to 
possess ICC (3,1) measures between 0.84 and 0.97 for the same two walking conditions [16]. Thus, the 
repeatability of the SCA is on the same level as GS.  
 
Fig. 1: Mean differences with 95 % CI values calculated by bootstrapping for each measured gait parameter and 
SCA conditions (Hand and Stand) in relation to GS. 
 
Fig. 2: Distribution plots for the measurement differences for each measured gait parameter and SCA conditions 
(Hand and Stand) in relation to GS. 
 
Figure 3 displays the Bland-Altman plots for gait speed, cadence, average of left and right foot step 
length, and average left and right foot step time. Each plot is created over both walking speed trials and 
one plot for each SCA Hand and SCA Stand. The Bland-Altman plots contain also the corresponding 
mean differences together with the lower and upper 95% CI in relation to GS. Again, the mean 
differences are between 0.5% and 2% of corresponding gait parameter mean values. The lower and 
upper 95% CI considered in percentage of corresponding mean values are the lowest for step time with 
average –6% on the lower interval up to +7% on the upper interval. The highest 95% CI intervals can 
be measured for gait speed and step length, being on –14% to +14%. Fig. 3: Bland-Altman plots for each 
measured gait parameter and SCA conditions (Hand and Stand) 
Discussion 
Gait parameter measurement systems are widely used in a broad area of both research and industry. 
They serve in gaining qualitative and quantitative knowledge on human mobility in health care industry, 
sports, rehabilitation, fitness assessment and many more. Although such motion-capture systems that 
employ multiple video cameras together with sensors or markers attached to skeleton joints are highly 
precise and reliable in measurement, they are very expensive and complex to setup and maintain.  
 
Fig. 3: Bland-Altman plots for each measured gait parameter and SCA conditions (Hand and Stand) 
Moreover, a recent systematic review by Poitras et al. [27] could show that usage of inertial sensors 
(M/IMU) enables the assessment of mobility parameters (e.g., joint angles) with sufficient accuracy at 
a much lower cost than motion capture systems.  
But it is further noted that the reliability of measurement by M/IMUs cannot be ensured due to 
movement complexity, including correct anatomical sensor placement and calibration procedure [27]. 
Another, relatively cost-effective, solution to the gait assessment problem can be to utilize the Kinect 
system by Microsoft. However, previous studies limited validity of the Kinect system for some gait 
parameters under specific conditions [28, 29]. Some issues are, among others, a significant drop in 
accuracy and reliability at distances to the Kinect above 4.5m and the rather poor validity for 
kinematical parameters (joint angles). In contrast some spatial-temporal parameters like medial-lateral 
displacement and forward progression velocity showed to be sufficiently valid [29]. In this vein, a recent 
study on the basis of the same GAITRite® system (Gold Standard, GS) data set used here showed 
excellent validity of all gait parameters measured by a Kinect-based system in case of the preferred gait 
speed and good to excellent validity in case of the fast gait speed [25]. Nevertheless, utilization of a gait 
assessment system which is based upon the Kinect introduces a major issue to be not neglected, namely 
that the project Kinect was stopped by Microsoft in recent years; hence the device is not manufactured 
and the underlying software is also not maintained anymore [29].  
The purpose of this study was to show the validity of a purely algorithmic gait assessment application 
on the basis of walking videos acquired by monocular smartphone cameras (Smartphone Camera 
Application, SCA) in relation to GS. Purely algorithmic means here that the extraction of the gait 
parameters does not depend on a specific device (e.g., Smartphone). The Videos for the study were 
acquired via the SCA through the Smartphone camera, but the underlying algorithm pipeline for 
extracting the gait parameters from the walking video is independent from the application and the 
underlying device. Hence, there is no added complexity by device-specific calibration, placement of 
sensors or calibration and synchronization of motion capture systems. The only requirement is for the 
walking person on the video to be completely visible with all body parts through the whole video 
sequence.  
The study was achieved on 264 walks of 44 healthy adults with average age of 73.9 years (± 6.0 years, 
range: 65 to 91 years) at two walking speed conditions (preferred and fast). While the subjects 
performed their walks on the GS, their walking sequences were simultaneously captured by the SCA 
on two smartphones, one held by a person (SCA Hand) and another mounted on a fixed stand (SCA 
Stand). This led to 528 videos in total. For more details on the data generation procedure see in the 
Methods section and in [25]. 
The gait parameters calculated by the algorithm of SCA were statistically compared to the parameters 
assessed by GS. All computed statistical measures showed excellent validity of SCA. In particular the 
ICC (2, k) measures are between 0.92 and 0.99 for all parameters, at both walking conditions, and for 
both smartphone devices (Hand and Stand). This is strongly supported by the measures of difference 
between the two methods (together with the lower and upper 95% confidence intervals). We found all 
gait parameters assessed by SCA to differ on average not more than 5% of the corresponding gait 
parameter mean value. On average the percentage differences were between 0.2% and 4.5% of the 
corresponding gait parameter mean values.  
The Bland-Altman analysis conducted in this study gave us knowledge about overall measurement error 
for SCA. We found the percentage error in relation to GS to be between 6% and 14% of corresponding 
gait parameter mean value. To better understand the meaning and significance of these percentage error 
measures, we have to set them in relation to other assessment system outcomes and also discuss the 
threshold above which specific percentage errors are considered at least to be clinically acceptable. 
According to [30], the clinical acceptability is reached when percentage error is below 30%. Two very 
recent other approaches for gait assessment showed percentage errors significantly higher than for our 
approach here. One study by Mun et al. uses a foot feature measurement system and then estimates the 
gait parameters directly via a neuronal network [31]. Their percentage errors are between 15% and 30%. 
Another approach, that was recently published [32], compares a system called smart walker with the 
GAITRite® system. The latter approach showed mixed results with respect to percentage error. In case 
of stride, swing and stance time they reported percentage errors between 8.7% and 23.0%, while for 
stride length and gait speed the percentage errors were well above the acceptable regime with 31.3% to 
42.3%. In contrast, the SCA is located with its highest percentage errors (14% for gait speed and step 
length) at the level of the lowest or even below the lowest values of the other two recent approaches. 
In accordance to other studies in the area, we measured the test-retest repeatability of the SCA with ICC 
(3, 1). These are between 0.86 and 0.95 for all gait parameters. Particularly, the cadence parameter is 
the only parameter which displays values below 0.90 (0.86 for SCA Hand and 0.87 for SCA Stand). All 
other parameters display values above 0.90. By research, we found the ICC (3, 1) measures for GS to 
be on the same level like SCA, with values ranging between 0.84 and 0.97 [16]. 
In conclusion, we state that to our best knowledge the SCA approach studied here shows the best state-
of-the-art validity and repeatability measures of a monocular video-based skeleton tracking system in 
comparison to a Gold Standard gait assessment system. The concurrent validity, measured by ICC (2, 
k), is on excellent level across all measured gait parameters. Overall bias in relation to Gold Standard, 
measured through Diff [95% CI], is below 5% of corresponding gait parameter mean value across all 
measured parameters. Furthermore, the percentage error values of SCA, illustrated via the Bland-
Altman analysis in relation to Gold Standard, are significantly below the threshold of clinical 
acceptability (at the highest error level half the threshold). Finally, the test-retest repeatability, measured 
by ICC (3, 1) along three walk repetitions are also on excellent level and on par with GS. It has to be 
noted that these outcomes were achieved across both walking conditions (fast and preferred), 
irrespective of measurement condition (SCA Hand and Stand). 
Methods 
Assessment Systems 
The gait assessment for this study was achieved with two different assessment systems: 
1. GAITRite System (GS): A carpet of 5.2 m length (active length of 4.27 m) and width of 90 cm (60 cm active). 
The carpet contains 16,128 embedded sensors in a grid. The sensors are placed at a distance of 1.27 cm and are 
activated by mechanical pressure. GS allows the measurement of different temporal (e.g., step time, walking 
speed, cadence) and spatial (e.g., step length, stride length) parameters. The carpet is connected to a computer via 
an interface cable. Prior to the gait analysis, the participant’s age, weight, height, and leg length (right and left) 
had to be entered manually.  
2. Smartphone-Camera-Application (SCA): The smartphone application conducts gait analysis by recording a 
video of the subject with the monocular smartphone camera and an underlying algorithm. Within the smartphone 
application participants’ age, sex, height, and weight must be entered. SCA applies an algorithm based on a 
combination of two convolutional neuronal networks (CNNs). The first CNN is an implementation based upon 
convolutional pose machines [33] and first estimates the two-dimensional skeleton joint coordinates from the 
video frames. The second CNN is an implementation of the VNect algorithm [18] and estimates the three-
dimensional skeleton joint coordinates from the video frames and previously extracted 2d skeleton joint 
coordinates. The VNect algorithm also employs a kinematical fitting procedure that needs the participant’s height 
[18]. To calculate the gait parameters, another algorithm was developed and submitted for patent (novelty already 
acknowledged by European Patent Agency). The latter algorithm takes the list of joint coordinates in 3d space (x, 
y, z) for each frame of the video (time t) as input. The SCA was run simultaneously on a free-hand operated 
smartphone (SCA Hand) and a mount-fixed smartphone (SCA Stand). 
Assessment Procedure 
The assessment process is described in details by Steinert et al. [25].  The gait analysis was conducted in the 
laboratory of the Geriatrics Research Group in Berlin. Firstly, participants had to complete a questionnaire with 
regard to socio-demographic data (age, sex, weight, height, leg length; self-deployed questionnaire). 
Subsequently, each participant was asked to complete six walks with two speed conditions: preferred gait speed 
and fast gait speed. This resulted in 264 walks overall (44 participants x 6 walks). For all walks, participants were 
instructed to walk over the carpet (GS) beyond the end.  
 Fig. 2: Schematic assessment setup. 
 
For each walk, GS was first started at the computer and then SCA Hand and SCA Stand were initiated, before the 
participant’s walk, so that all two systems (GS and SCA) acquired the participant’s gait simultaneously (Fig. 3). 
GS measurement was initiated by the first pressure contact to the carpet. After each walk, study personnel verified 
that the systems were measuring correctly. Both the ethics committee and the data protection office of the Charité 
approved all study participants [25]. 
Data Analysis 
To determine the level of agreement between GS and SCA, inter-class correlation coefficients (ICC (2, k); two-
way random effects, absolute agreement, single rater/measurement) with 95% confidence interval were calculated. 
In addition, we calculated measurement differences between the two systems in mean values with confidence 
intervals lower and upper bound (Diff [95% CI]). Moreover, Bland-Altman plots were created to provide insights 
on the overall variability of SCA in comparison to GS. The mean difference and the lower and upper limits of 
agreement were also transformed to percentage values of corresponding gait parameter mean values. In order to 
measure the test-retest repeatability, intra-class correlation coefficients ICC (3, 1) were calculated. 
Subjects 
Forty-four older adults participated in the study. Participants were on average 73.9 years old (± 6.0 years, range: 
65 to 91 years). Half of the participants (n = 22) were female. The mean height and weight were 168.8 cm (± 8.9 
cm) and 76.2 kg (± 15.5 kg), respectively. 
Table 3: Socio-demographic data of participants. SD = standard deviation. 
 
 
Total Female Male 
N 44 22 22 
Age [Mean ± SD, years] 73.9 ± 6.1 74.1 ± 6.1 73.7 ± 6.2 
Height [Mean ± SD, cm] 168.8 ± 8.9 162.4 ± 6.2 175.1 ± 6.2 
Weight [Mean ± SD, kg] 76.2 ± 15.5 68.3 ± 14.0 84.1 ± 12.8 
Leg length right [Mean ± 
SD, cm] 
90.1 ± 5.4 87.4 ± 4.9 92.8 ± 4.6 
Leg length left [Mean ± 
SD, cm] 
89.9 ± 5.5 87.1 ± 5.2 92.7 ± 4.5 
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